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Drylands are highly vulnerable to climate change and human activities. The drylands of China
account for approximately 10.8% of global drylands, and China is the country most severely
affected by aridity in Asia. Therefore, studying the spatial variation characteristics in soil multifunctionality (SMF) and investigating the driving factors are critical for elucidating and managing
the functions of dryland ecosystems in China. Based on the environmental factors (mean annual
precipitation (MAP), mean annual temperature (MAT), solar radiation (Srad), soil acidity (pH),
enhanced vegetation index (EVI), and cation exchange capacity (CEC)) and aridity from the
Dataset of soil properties for land surface modeling over China, we used non-linear regression,
ordinary least square (OLS) regression, structural equation model (SEM), and other analytical
methods to investigate the relationships of SMF with environmental factors across different aridity
levels in China. SMF in different dryland regions varied signiﬁcantly and showed a patchy distribution, with SMF index values ranging from 1.21 to 2.42. Regions with SMF index values from
0.20 to 0.51 accounting for 63.0% of dryland area in China. OLS regression results revealed that
environmental factors like MAP, MAT, Srad, pH, EVI, and CEC were signiﬁcantly related to SMF (P
< 0.05). MAP and MAT were correlated to SMF at the whole aridity level (P < 0.05). SEM results
showed that the driving factors of SMF differed depending on the aridity level. Soil pH was the
strongest driving factor of SMF when the aridity was less than 0.80 (P < 0.001). Both soil CEC and
EVI had a positive effect on SMF when aridity was greater than 0.80 (P < 0.01), with soil CEC
being the strongest driving factor. The importance ranking revealed that the relative importance
contribution of soil pH to SMF was greatest when aridity was less than 0.80 (66.9%). When aridity
was set to greater than 0.80, the relative importance contributions of CEC and EVI to SMF
increased (45.1% and 31.9%, respectively). Our ﬁndings indicated that SMF had high spatial
heterogeneity in drylands of China. The aridity threshold controlled the impact of environmental
factors on SMF.
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1. Introduction
Ecosystems provide diverse services for human survival and perform a variety of functions such as element cycling, climate regulation, and energy ﬂow. Thus, ecosystems can maintain multiple functions and providing services simultaneously (Zavaleta et al., 2010),
and hence, ecosystems are inherently multifunctional (Byrnes et al., 2014). Understanding multifunctionality can assess ecosystem
functions as a whole and provide an integrated understanding of ecosystem functions and services (Manning et al., 2018). However,
most studies have focused on the identiﬁcation of changes in individual ecosystem functions and their driving factors (He et al., 2008;
Kou et al., 2019; Zhang et al., 2020).
Soil is critical for sustaining life on Earth, supporting key ecosystem processes (e.g., nutrient cycling and hydrological cycle) and
harboring a large proportion of global organisms (e.g., microbe, microfauna, mesofauna, and macrofauna) (Eldridge et al., 2020; Guerra
et al., 2020). Soil indicators can largely reﬂect various functions of ecosystems, such as carbon (C), nitrogen (N), and phosphorus (P)
sequestration, soil and water conservation, and hosting wildlife (Soliveres et al., 2014), so it is generally accepted that soil indicators are
used to evaluate and quantify ecosystem multifunctionality. In recent years, Berdugo et al. (2017) and Gross et al. (2017) have used soil
variables (soil enzymatic activities, ammoniﬁcation, and potential N transformation rate) to characterize ecosystem multifunctionality.
Soil multifunctionality (SMF) is also more representative than single soil functionality, which is more useful for resolving the joint
driving effects of multiple environmental factors (Lan et al., 2021). Thus, SMF is an important part of ecosystem multifunctionality. The
determination of SMF is the basis for the realization of ecosystem functions and services (Zheng et al., 2019). There are many factors
affecting SMF and different effects can be observed at different scales. In the context of global environmental change, spatial variation in
SMF may originate from changes in soil and vegetation (Duran et al., 2018; Zheng et al., 2019). Spatial variability of SMF increases with
increasing aridity, but the response of SMF to increased aridity varies by vegetation patch type and is driven by changes in climate (i.e.,
rainfall seasonality) and soil (i.e., pH, sand content, etc.) (Ding and Eldridge, 2021). Eldridge et al. (2020) found that SMF was more
limited by precipitation than by temperature, possibly due to the effect of seasonal precipitation on soil moisture. Hu et al. (2021) also
found a strong positive correlation between plant species richness and SMF in arid regions, while microbial diversity, especially fungi,
was positively correlated with SMF in more arid regions. In addition, the same environmental factors had different effects on the spatial
variability of SMF under different aridity levels (aridity ¼ 1–Aridity Index (AI), where AI is the ratio of average annual precipitation to
potential evapotranspiration) (Hu et al., 2021). However, to date, fewer studies have been conducted to determine the direct and indirect effects of climate, soil, and plants on the spatial variability of SMF (Ding and Eldridge, 2021). Also, SMF in different regions was
not usually compared due to different ecosystems, scales, quantiﬁers, methods, etc. Dryland is a region characterized by water deﬁcit
and is usually deﬁned based on AI (AI0.65). (Hu et al., 2021). Drylands account for about 41.0% of the global land surface, representing the largest terrestrial biota on Earth (Wang et al., 2014). More than 38.0% of the global population inhabits drylands, which are
among the most sensitive to climate change and human activities (Davies et al., 2016). China is the largest developing country in the
world, and its drylands account for about 10.8% of the global drylands (Pravalie, 2016), with 6.6  106 km2 of drylands supporting
approximately 5.8  108 people (Li et al., 2021). China is by far the most heavily affected by aridity (5.3  106 km2, more than half its
area of9.4  106 km2) (Pravalie, 2016). Forecasted shifts in climate, such as increasing dryness and ﬂuctuating rainfall, can further alter
the spatial variability of SMF by changing plant cover, microbial activity, and landscape connectivity (Huang et al., 2017; Berdugo et al.,
2020). The determination of the spatial variability of SMF in drylands of China and the exploration of the driving factors on SMF may
contribute to the understanding of the functions of dryland ecosystems; thus, they are beneﬁcial for ecosystem management.
In this study, we analyzed the spatial variability of SMF in drylands of China based on the database “Dataset of soil properties for land

Fig. 1. Spatial distribution of drylands in China. Note that the ﬁgure is based on the standard map GS (2021)5453) of the Map Service System
(http://bzdt.ch.mnr.gov.cn/), and the standard map had not been modiﬁed. Aridity ¼ 1–Aridity Index (AI).
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surface modeling over China” (Dai and Shangguan, 2019). Besides, the relationships between SMF and environmental factors (mean
annual temperature (MAT), mean annual precipitation (MAP), solar radiation (Srad), enhanced vegetation index (EVI), cation exchange
capacity (CEC), and soil acidity (pH)) were determined, and the driving factors of the spatial variability of SMF were explored. In
previous studies, the study sites of drylands in China were usually divided into two groups, namely the sites with aridity<0.80 and the
sites with aridity>0.80 (aridity ¼ 0.80 is the boundary between semi-arid and arid climates), because the correlation between SMF and
environmental factors changes considerably around aridity of 0.80 (Hu et al., 2021). Therefore, the speciﬁc relationship between SMF
and environmental factors at different aridity levels (semi-arid or arid) was also an important scientiﬁc question for this study. In many
previous studies, MAT and aridity are often the main driving factors of the spatial variability of SMF in drylands (Duran et al., 2018; Yan
et al., 2020; Ding and Eldridge, 2021). Therefore, we hypothesized that (1) the spatial distribution of SMF in drylands of China would be
heterogeneous, and soil (pH and CEC), climate (MAP, MAT, Srad, and aridity), and vegetation (EVI) are all important driving factors of
the spatial variability of SMF; and (2) the driving factors of the spatial variability of SMF would differ under different aridity levels.
2. Methodology and data
2.1. Determination of drylands in China
In this study, AI was used to determine the aridity level of each site in drylands of China, then the dryland distribution map in China
was delineated (Fig. 1). The dryness data were extracted from the Consortium for Spatial Information (https://cgiarcsi.community/),
which are raster data with a global spatial resolution of 1 km (Hu et al., 2021). We sampled raster level across the entire drylands of
China, excluding outliers and nulls for a total of 154 sites. These sites were divided were divided into two groups, namely the sites (n ¼
100) with aridity<0.80 and the sites (n ¼ 54) with aridity>0.80.
2.2. Data sources
MAT data were from the MOD11A Global Climate Grid data in Modis Data (https://doi.org/10.5067/MODIS/MOD11A1.006). The
MOD11A1 V6 product provides daily surface temperature and emissivity values in a 1 km grid (Rodell et al., 2004). MAP, Srad, and
potential evapotranspiration data in 2017 were obtained from the TerraClimate dataset provided by the University of Iowa (https://doi:
10.1038/sdata.2017.191) (Yan et al., 2020). Soil functional indicators (such as soil organic carbon (SOC), total nitrogen (TN), total
phosphorus (TP), available potassium (AK), available nitrogen (AN), available phosphorus (AP), and C:N ratio), CEC, and pH data in
2019 were derived from the “Dataset of soil properties for land surface modeling over China” (Dai and Shangguan, 2019). Above ground
biomass (AGB) data in 2017 are from Global GECI: Ecosystem Dynamics Inquiry (https://doi.org/10.3334/ORNLDAAC/2017). The EVI
data were calculated from Landsat remote sensing image data bands with a spatial resolution of 30 m, which were the average of
2011–2020. The environmental factors (MAP, Srad, pH, EVI, and CEC) of 2011–2020 were resampled for the next relevant analysis.
2.3. Calculation of soil multifunctionality (SMF) index
According to Maestre et al. (2012), eight soil functional indicators (Table 1) related to three ecosystem cycling processes (e.g., C, N,
and P) were selected to comprehensively evaluate the SMF in drylands of China. These indicators were also tested to be closely related
not only to the cycling and storage of C, N, and P, but also to soil and water conservation and wildlife hosting in many other studies (e.g.,
Soliveres et al., 2014; Yan et al., 2020). We used two methods to calculate SMF index. One is the mean method, which was ﬁrst proposed
by Hooper and Vitousek (2005). The mean method is the ﬁrst approach to quantify and characterize multiple ecosystem processes using
a composite index (Hector and Bagchi, 2007). This method represents ecosystem multifunctionality by calculating average standardized
scores (Z scores) for different ecosystem functions, providing a straightforward and easily interpretable method for quantifying the
ability to maintain multiple ecosystem functions simultaneously, but it does not consider the interrelationships among different
ecosystem functions (Gamfeldt et al., 2008). The other method is the factor analysis approach, which can obtain SMF index similar to the
mean method (Li et al., 2016). Firstly, the parameters of the functional index were dimensionalized, and factor analysis was conducted.
Then, each factor score was obtained to represent multifunctionality. This method can determine the relationship between the weighted
functionality of each function to some extent (Cai, 2019). We found that these two methods showed very close results of SMF index (R2
¼ 0.92, P < 0.001; Fig. 2), and the signiﬁcant (highly signiﬁcant) positive correlations of SMF with the eight functional indicators were
observed (Table 1). Therefore, the factor analysis method was selected for subsequent analysis in this study.
Table 1
Correlations between eight soil functionality indicators and soil multifunctionality (SMF) index.

SMF1
SMF2

SOC

TN

C:N

TP

AK

AN

AP

AGB

SMF1

SMF2

0.857**
0.910**

0.791**
0.827**

0.554**
0.553**

0.588**
0.503**

0.147*
0.153*

0.764**
0.845**

0.496**
0.456**

0.373**
0.159*

1.000
0.850***

0.850**
1.000

Note: SOC, soil organic carbon; TN, total nitrogen; TP, total phosphorus; AK, available potassium; AN, available nitrogen; AP, available phosphorus;
AGB, above ground biomass; SMF1, soil multifunctionality (SMF) index obtained by the factor analysis method; SMF2, SMF index obtained by the
mean method; *, P < 0.05 level; **, P < 0.01 level; ***, P < 0.001 level.
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Fig. 2. Linearity of soil multifunctionality (SMF) index obtained by the factor analysis method (SMF1) and mean method (SMF2).

2.4. Statistical analysis
This study used ArcGIS software (version 10.2) to map Chinese terrestrial drylands based on aridity. The spatial characteristics of
SMF in drylands were obtained using interpolation methods. According to the research of Hu et al. (2021), the relationship between
environmental factors and SMF occurred at the aridity of about 0.80, which are also the boundary between semi-arid and arid climate.
The ordinary least square (OLS) regressions of environmental factors and SMF were ﬁtted using the “ggplot2” package in R. Moreover,
the “hier.part” package was used to identify environmental factors which contributed more to SMF, and then the “Lavaan” package for
structural equation model (SEM) was performed to analyze the direct or indirect effects of the important variables. The “ggRandomForests” package in R was applied to rank the relative importance of environmental factors in a random forest and calculate the relative
importance of each environmental factor to SMF. The schematic diagram of different environmental factors and SMF geographical
weighted regression coefﬁcient was drawn using ArcGIS software.
3. Results
3.1. Spatial variability of SMF in drylands of China
SMF in drylands of China showed high spatial heterogeneity (Fig. 3). SMF in different dryland regions varied considerably and
showed a patchy distribution, with SMF index ranging from 1.21 to 2.42. Regions with SMF index values from 0.20 to 0.51
accounted for 63.0% of drylands in China. Overall, the SMF index values were lower in the desert areas located in the northwest of

Fig. 3. Spatial variability of SMF index in drylands of China. Note that the ﬁgure is based on the standard map (GS (2021)5453) of the Map Service
System (http://bzdt.ch.mnr.gov.cn/), and the standard map had not been modiﬁed.
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drylands. For example, SMF index values of the Taklimakan and Gurbantunggut deserts were mainly in the range from 0.20 to 0.01,
while SMF index values of the Tengger and Hobq deserts in the central part of drylands varied widely, with the main range from 1.21 to
0.21. SMF index values of the Liupan Mountains in the triangle of Yinchuan City, Xi'an City, and Lanzhou City were mainly in the range
of 0.21–0.92. The grassland of Inner Mongolia Autonomous Region and Tibet Autonomous Region showed SMF index values of about
0.51–2.42.
3.2. Environmental factors and their relationships with SMF
In this study, OLS regression showed that SMF was correlated with environmental factors (MAP, MAT, Sard, pH, EVI, and CEC) (P <
0.05) (Fig. 4). SMF was negatively correlated with MAT (P < 0.05), positively correlated with MAP, EVI, and CEC (P < 0.001), and
signiﬁcantly negatively correlated with Srad and pH (P < 0.001). The relationships between SMF and these environmental factors
varied at different aridity levels. For example, SMF and Srad showed a negative correlation at aridity<0.80 (P < 0.05), while no
correlation was found between them at aridity>0.80 (P > 0.05). SMF was not signiﬁcantly correlated with MAP and MAT for either
aridity<0.80 or aridity>0.80, but showed signiﬁcant correlations at the whole aridity level.
Variables that contributed signiﬁcantly to SMF at different aridity levels were selected for subsequent SEM analysis. SEM results for
direct and indirect relationships among SMF, aridity, Srad, pH, CEC, MAP, MAT, and EVI are shown in Fig. 5. When aridity<0.80, results
showed that 59.0% of the total variance of SMF can be explained in the model (Fig. 5a). Soil pH (r ¼ 0.67) was the strongest overall
driving factor on SMF at P < 0.001 level. Only EVI (r ¼ 0.30) had signiﬁcant positive effects on SMF at P < 0.001 level. Although MAP
did not show signiﬁcant direct effect on SMF, it can indirectly affect SMF by signiﬁcantly inﬂuencing EVI. When aridity>0.80, SEM
showed that 29.0% of the total variance of SMF was explained in the model (Fig. 5b). Soil CEC (r ¼ 0.58) was the strongest overall
driving factor of SMF at P < 0.001 level. EVI (r ¼ 0.25) had positive effect on SMF at P < 0.01 level. Aridity, pH, and Srad did not show
signiﬁcant direct effects on SMF, but aridity and pH can directly inﬂuence EVI and soil CEC and thus indirectly impact SMF (P < 0.001).
The geographically weighted regression model was used to calculate the geographically weighted regression coefﬁcients of SMF with
aridity, CEC, pH, Srad, EVI, and MAT (Fig. 6). The coefﬁcients showed that aridity had a negative effect on SMF, particularly in the
northern part of the study area, and that the effect of aridity on SMF was spatially uneven, as indicated by aridity, which showed a
decreasing trend from north to south. The east-west divergences of the effects of CEC, pH, Srad, EVI, and MAT on SMF were clearly
visible in the spatial aggregation. Both CEC and EVI had positive effects on SMF, but the effect of CEC on SMF varied from west to east;
for example, the regression coefﬁcient between SMF and CEC was smaller in western Xinjiang Uygur Autonomous Region and larger in

Fig. 4. Relationships between SMF and environmental factors (MAP (a), MAT (b), Sard (c), pH (d), EVI (e), and CEC (f)) at sites (n ¼ 54) with
aridity<0.80 and sites (n ¼ 100) with aridity>0.80, as well as across all sites (n ¼ 154). Lines represent the results from the ﬁtted linear ordinary least
square (OLS) model. Shaded areas indicate 95% conﬁdence intervals for regression lines. MAP, mean annual precipitation; MAT, mean annual
temperature; Srad, solar radiation; EVI, enhanced vegetation index; CEC, cation exchange capacity.
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Fig. 5. Structural equation model (SEM) accounting for the hypothesized direct and indirect relationships among SMF, MAT, MAP, EVI, aridity, Srad,
pH, CEC, and EVI. (a), sites (n ¼ 54) with aridity<0.80; (b), sites (n ¼ 100) with aridity>0.80. Note that we only present signiﬁcant relationships (P
< 0.05) and their coefﬁcients (values on the arrows) for graphical simplicity. The red and blue arrows indicate positive and negative relationships,
respectively. The thickness of the arrow is proportional to the magnitude of standardized path coefﬁcients and indicative of the strength of the
relationship. * indicate the signiﬁcance level of each coefﬁcient: *, P < 0.05 level; **, P < 0.01 level; and ***, P < 0.001 level. R2 is the proportion of
variance explained by the model, and the value are shown on the box. Goodness-of-ﬁt statistics for each SEM are given (df, degrees of freedom;
RMSEA, root mean squared error of approximation; AIC, Akaike Information Criterion).

the eastern regions of drylands such as northeastern and northern China. In the eastern regions of drylands such as northeastern and
northern China, the regression coefﬁcients between SMF and EVI were larger. Regression coefﬁcients of SMF with Srad and MAT were
larger in the western part of the study area, which included Kashgar Prefecture, Kizilsu Kirghiz Autonomous Prefecture, Ili Kazak
Autonomous Prefecture, and Hotan Prefecture in Xinjiang, as well as decreased spatially towards the east. On the other hand, pH had a
decreasing effect on SMF from west to east.
When aridity was less than 0.80, pH had the highest relative importance contribution to SMF (66.9%), while aridity and CEC had the
lower relative importance contributions to SMF (0.7% and 0.2%, respectively) (see Fig. 7a). From Fig. 7b we can see that when aridity
was greater than 0.80, the relative importance contributions of CEC and EVI to SMF were higher (45.1% and 31.9%, respectively), while
the relative importance contribution of MAT to SMF was the smallest (1.8%).
4. Discussion
4.1. Driving factors of SMF in drylands of China
In this study, SMF index values varied greatly in different dryland regions of China, showing a patchy distribution. For example, the
SMF index values of grasslands in Inner Mongolia Autonomous Region and Tibet Autonomous Region were signiﬁcantly higher than
those of deserts, such as the Taklimakan and Gurbantunggut deserts, etc. We also found that soil (pH and CEC), climate (MAP, MAT,
Srad, and aridity), and vegetation (EVI) were all important driving factors on the spatial variability of SMF. Our results were consistent
with the previous hypothesis that the spatial distribution of SMF in drylands of China will be heterogeneous and environmental factors
(MAP, MAT, Sard, pH, EVI, and CEC) and aridity were all important driving factors on the spatial variation in SMF. For example, C and N
contents in forest and grassland soils were generally higher than those of desert soils (Tian et al., 2006). Aridity can reduce biological
activity and soil nutrient availability under more stringent arid conditions (Delgado-Baquerizo et al., 2013). Thus, SMF index was lower
in desert areas with higher aridity level than that in forests and grasslands.
In this study, EVI showed a signiﬁcantly positive correlation with SMF at the whole aridity level in drylands of China. Plant species
richness was consistent and positively correlated with SMF in areas with lower aridity. Plant species diversity showed a stronger positive
correlation with SMF in areas with higher aridity (Hu et al., 2021). Positive correlation was also found between plant species richness
and EVI (P < 0.01) (Pau et al., 2012; Abatzoglou et al., 2018). Therefore, we inferred that a positive correlation between SMF and EVI
can be observed (P < 0.001), as indicated that SMF exhibits an increasing trend with the increase of EVI. Moreover, plant species
richness increased resource heterogeneity and structural habitat complexity, improved soil microbial communities and activities, and
promoted biomass production (Haddad et al., 2011; Delgado-Baquizo et al., 2020).
Soil pH was one of the main environmental factors inﬂuencing the chemical, physical, and biological processes and properties of the
soil (Brady and Weil, 1990; Lv et al., 2004; Lin et al., 2020). Moreover, soil pH can directly or indirectly affect soil nutrients (Kemmitt
et al., 2006). In the current study, soil pH was also closely related to the content of each nutrient in the soil (Nie et al., 2017). At the
whole aridity level, soil pH was signiﬁcantly correlated with SMF. On the one hand, the mean pH value for the entire study area was
8.04, which belongs to alkaline soil. Poor solubility of elements (N and P) can be found due to high soil pH value (Tyler, 2003; Milan
et al., 2007), which was detrimental to vegetation growth and thus reducing SMF. On the other hand, soil pH was the most important
ecological factor regulating soil bacterial community (Rousk et al., 2010; Leff et al., 2015). Similarly, high soil pH reduced the activity of
soil bacterial community and affected the turnover of soil nutrients (Kemmitt et al., 2006), which can result in the decrease of SMF.
Therefore, pH had a negative correlation with SMF in drylands of China in our study.
Our study found that MAP had a positive effect on EVI and an indirect positive effect on SMF (P < 0.05). Soil nutrients (e.g., C and N)
were positively correlated with MAP on a regional scale (Post et al., 1982; Jobbagy and Jackson, 2000; Miller et al., 2004). MAP directly
228

S. Zhang, Y. Chen, Y. Lu, et al.

Regional Sustainability 3 (2022) 223–232

Fig. 6. Schematic representation of the geographically weighted regression coefﬁcients of SMF with aridity (a), CEC (b), pH (c), Srad (d), EVI (e), and
MAT (f). Note that the ﬁgures are based on the standard map (GS (2021)5453) of the Map Service System (http://bzdt.ch.mnr.gov.cn/), and the
standard map had not been modiﬁed. The positive regression coefﬁcients indicate that SMF is positively correlated with environmental factors, while
the negative regression coefﬁcients indicate that SMF is negatively correlated with environmental factors.

altered soil nutrient cycling through its effect on soil moisture, which was an important driving factor of soil microbial community
composition (Wieder et al., 2013; Chen et al., 2017). In drylands, soil moisture was often considered a limiting factor in many terrestrial
ecosystem processes (Wang et al., 2017). Moyano et al. (2013) found that soil moisture was the main driving factor of plant growth and
soil microbial activity and, therefore, strongly inﬂuenced C accumulation and cycling. It was possible that MAP can indirectly increase
the value of SMF in drylands by affecting vegetation growth and soil microbial activity. MAP further indirectly affected SMF by lowering
soil pH, possibly because higher soil pH decreased vegetation growth and soil microbial activity in drylands, thereby increasing SMF.
Previous studies have shown that a decrease in soil water content can result in the decrease of SMF by experimentally controlling soil
water supply (Hu et al., 2021). Therefore, MAP can signiﬁcantly affect SMF by inﬂuencing vegetation and soil pH.
At the whole aridity level in China, MAT had a negative inﬂuence on SMF in dryland areas. Many studies have shown that soil
nutrients (e.g., C and N) were negatively correlated with temperature on a regional scale (Post et al., 1982; Jobbagy and Jackson, 2000;
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Fig. 7. Relative importance contributions of environmental factors to SMF. (a), aridity<0.80; (b), aridity>0.80.

Miller et al., 2004). An increase in temperature can increase the loss of soluble C, N, and P from the soil (Tan et al., 2011), leading to a
decrease in SMF in drylands. For example, increased MAT may lead to a large release of C into the atmosphere (Hobbie et al., 2002), so
the amount of SOC decreases. The rates of catalysis, production, and degradation of SOC were regulated by temperature (Xin et al.,
2014), and an appropriate increase in temperature may promote the activity of soil extracellular enzymes, which may facilitate the
decomposition of SOC and thus reduce SOC stocks. The increase in MAT had led to a shift in the microbially mediated N cycle from
anabolic to catabolic reactions. Increased temperature can increase the rates of nitriﬁcation and denitriﬁcation in the soil, leading to an
increase in N2O emissions being up to 227.0% and, therefore, a decrease in soil TN content (Dai et al., 2020). Thus, the increase of MAT
will reduce soil nutrient contents, leading to the decrease of SMF in drylands.
4.2. Driving processes of SMF regulated by aridity
We found that the driving factors of spatial variation in SMF were different under different aridity levels. The effects of aridity on the
ecosystem functions usually have a transition point. Abrupt losses of soil nutrient availability can be found in the transition between
semi-arid and arid ecosystems (aridity of 0.70) (Delgado-Baquerizo et al., 2013; Berdugo et al., 2017). Berdugo et al. (2020) reported
that once an aridity level was reached, small increases in aridity can lead to drastic changes in the value of the attribute. There was a
clear quadratic relationship between aridity and the variability (coefﬁcient of variation) of SMF, as indicated by Duran et al. (2018). In
other words, there was a clear transition point in the relationship between SMF and aridity. Similarly, areas with aridity>0.80 were
expected to be particularly sensitive and may undergo massive vegetation collapse and species loss (Berdugo et al., 2020). When the
aridity exceeded 0.80, the relationships between SMF and environmental factors changed considerably. For example, soil pH was the
strongest driving factor of SMF when aridity<0.80, and soil CEC was the strongest driving factor of SMF when aridity>0.80. However,
as a whole, MAT and aridity were still important driving factors inﬂuencing the spatial variability of SMF.
When aridity>0.80, aridity can affect EVI or CEC and indirectly inﬂuence SMF in drylands. Low precipitation can result in lower soil
water content and air humidity, which can also alter ecosystem autotrophic respiration and ecosystem heterotrophic respiration and
indirectly affect the entire ecosystem (Palta and Nobel, 1989). Increased aridity may negatively affect plant growth in drylands, which is
detrimental to plant and soil microbial survival (Gruber and Galloway, 2008; Delgado-Baquerizo et al., 2013). Aridity affects EVI mainly
in the same way as MAP. When aridity level was high, lower soil water content was detrimental to vegetation growth and soil microbial
activity in drylands, leading to the reduction of soil nutrient cycling. It had been demonstrated that aridity can signiﬁcantly decrease the
contents of relevant nutrients such as SOC, TN, and AP (Delgado-Baquerizo et al., 2013), thereby reducing SMF in drylands. Therefore,
with the increase of aridity level, SMF decreased in drylands. When aridity<0.80, Srad had a negative effect on SMF in drylands. This
variable had a photolytic effect on dissolved organic matter in water bodies and apoplastic material of terrestrial plants, and it could
decrease C and N contents in air-dried soils (Li, 2015). Thus, a decrease in SMF along with an increase in Srad was observed in drylands.
A large number of plant essential nutrients were taken up by plants as cations (Sharma et al., 2015). Soil CEC was one of the important
indicators to judge the fertility capacity and buffering performance of the soil and can affect other physical and chemical properties of
the soil at the same time (Huang, 2000). When aridity>0.80, CEC had a highly signiﬁcant positive effect on SMF; it had a positive
correlation with soil organic matter. Soil CEC can be increased by increasing soil organic matter (Zhang et al., 2011). Further, soil CEC
can also inﬂuence soil nutrients by affecting vegetation (Jim, 1993).
5. Conclusions
In our study, SMF index values in drylands of China ranged from 1.21 to 2.42. SMF of drylands in different regions varied
considerably and showed a patchy distribution. Regions with SMF index values from 0.20 to 0.51 accounted for 63.0% of drylands in
China. This study found that neither MAP nor MAT was signiﬁcantly correlated with SMF when aridity<0.80 or >0.80. However, SMF
were correlated with MAP and MAT at the whole aridity level. The inﬂuencing factors of SMF differed when the aridity level varied. Soil
pH was the strongest driving factor of SMF when aridity<0.80. Soil pH, MAT, and Srad were the main driving factors negatively
affecting SMF. EVI was the only driving factor of SMF with a signiﬁcant positive effect (P < 0.001) at aridity<0.80. Soil CEC was the
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strongest driving factor of SMF when aridity>0.80. Soil pH, Srad, and aridity had a negative but non-signiﬁcant effect on SMF at
aridity>0.80. Soil CEC and EVI had signiﬁcant positive effects on SMF at the whole aridity level (P < 0.001). Our results indicated that
SMF and environmental factors in drylands tend to show a non-linear relationship. Regions with the aridity of 0.80 should be regarded
as critical ecological vulnerability zones that deserve strengthened protection and further research to avoid the negative impacts of
human induced global change.
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